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Abstract
The distribution of effects of beneﬁcial mutations is key to our understanding of biological adaptation. Yet, empirical
estimates of this distribution are scarce, and its functional form is largely unknown. Theoretical models of adaptation
predict that the functional form of this distribution should depend on the distance to the optimum. Here, we estimate the
rate and distribution of adaptive mutations that compensate for the effect of a single deleterious mutation, which causes
antibiotic resistance. Using a system with multiple molecular markers, we estimate the distribution of ﬁtness effects of
mutations at two distances from the adaptive peak in 60 populations of Escherichia coli. We ﬁnd that beneﬁcial mutations,
which can contribute to compensatory evolution, occur at very high rates, of the order of 10
 5 per genome per generation
and can be detected within a few tens of generations. They cause an average ﬁtness increase of 2.5% and 3.6%, depending
on the cost of resistance, which is expected under Fisher’s geometrical model of adaptation. Moreover, we provide the ﬁrst
description of the distribution of beneﬁcial mutations, segregating during the process of compensatory evolution, to
antibiotic resistances bearing different costs. Hence, these results have important implications to understanding the spread
and maintenance of antibiotic resistance in bacteria.
Key words: selection coefﬁcients, compensatory adaptation, antibiotic resistance, Fisher’s geometrical model of adaptation,
distribution of ﬁtness effects, Escherichia coli.
Introduction
Our understanding of biological adaptation relies heavily
on knowledge of the distribution of effects of beneﬁcial
mutations. An important problem within adaptation is
how much of it involves the accumulation of compensa-
tory mutations (Burch and Chao 1999; Poon et al. 2005;
Betancourt 2007), which contribute to ﬁtness recovery
after some deleterious mutations got ﬁxed. This is impor-
tant even for bacterial populations, that despite having
large population sizes, also have a high frequency of slightly
deleterious mutations (Hughes 2005) and can exhibit com-
pensatory adaptation in a few hundreds of generations
(Mooreet al. 2000). Furthermore, it is critical in the context
of antibiotic resistance. It is known that resistance muta-
tions tend to be costly to bacteria in environments free of
antibiotics (Trindade et al. 2009; Andersson and Hughes
2010); however, compensatory adaptation allows for the
persistence of resistances alleles after antibiotics have been
removed (Schrag et al. 1997). This is so because compen-
satory mutations for antibiotic resistances tend to be del-
eterious in the absence of the resistance mutations, which
counter selects reversion to the sensitive genotype. Esti-
mating the distribution of compensatory mutations for
antibiotic resistances is thus necessary to predict the likeli-
hood and rate of compensatory adaptation (MacLean et al.
2010). In fact, the distribution of ﬁtness effects of
compensatorymutationshasbeenshowntobeadetermin-
ing factor to be able to make reasonable predictions on the
evolution of drug resistance in different pathogenic bacte-
ria (Handel et al. 2006). It is also very likely that compen-
satory mutations might have deleterious effects on
different traits, a question that would require studying
the full map of genotype–phenotype ﬁtness. Here, we
studytherateandeffectsofbeneﬁcialmutationsthatcom-
pensate for the cost of two different antibiotic resistance
mutations in Escherichia coli. We then test if our ﬁndings
are consistent with the recent theoretical predictions of
models of adaptation.
Fisher (1930) proposed a geometrical model (FGM) to
describe the process of adaptation, from which predictions
for the distribution of ﬁtness effects of mutations were
derived (Orr 1998; Martin and Lenormand 2006, 2008).
One of the strengths of FGM (Fisher 1930) is that it incor-
porates the occurrence of compensatory mutations. It is
therefore a natural theoretical model to consider when ad-
dressing the distribution of effects of mutations that com-
pensate for the cost of antibiotic resistance (MacLean et al.
2010). Support for FGM has been found in the context of
ﬁtness recovery of a bacteriophage evolved under different
effective population sizes (Burch and Chao 1999).
More recently, other models of adaptive evolution,
focusing on sequence space, have been proposed (Gillespie
1983; Orr 2005a). Both Fisher and Gillespie’s models (Joyce
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eet al. 2008) make the prediction that the mean effect of
beneﬁcial mutations should decrease as populations get
close to the optimum (see Materials and Methods for
a quantitative prediction of Fisher’s model). A recently
studied generalized version of FGM led to the prediction
that, when populations are not too far from the ﬁtness
peak, arising beneﬁcial mutations should follow a beta dis-
tribution with unit shape parameter (a 5 1) and contend-
ing mutations should follow a beta with a 5 2( Martin and
Lenormand 2008).
Beneﬁcial mutations are far less common than deleteri-
ous ones, which make empirical observations on the distri-
bution of advantageous mutations extremely difﬁcult.
Hence, theoretical expectations of classical ﬁtness land-
scape models have been difﬁcult to test (Orr 2005a,
2010). However, recent technical advances (Imhof and
Schlotterer 2001), renewed interest (Orr 2005a), and the
power of microbial experimental evolution (Elena and
Lenski 2003) have fostered the possibility to develop new
and more powerful tests (Gerrish and Lenski 1998; Rozen
et al. 2002; Perfeito et al. 2007; Schoustra et al. 2009). The
distribution of arising mutations is the most difﬁcult to
estimate (Kassen and Bataillon 2006), whereas the distribu-
tion of mutations that ﬁx or reach detectable frequencies is
more accessible (Barrett et al. 2006; Perfeito et al. 2007;
Schoustra et al. 2009). Although the data are not abundant,
the distribution of newly arising mutations has been studied
in some bacterial species and in different environments.
It has been shown thatthis distribution follows an exponen-
tial law in cases where the starting genotype is reasonably
well adapted tothe environment but not when the distance
to the optimum increases (Kassen and Bataillon 2006;
MacLean and Buckling 2009; McDonald et al. 2011). In con-
trast,the distribution of mutations upon whichselection has
acted(whichincludesbothcontendingandﬁxedmutations)
hasbeenthe object of several experimental attempts(Imhof
and Schlotterer 2001; Rozen et al. 2002; Barrett et al. 2006;
Hegreness et al. 2006; Perfeito et al. 2007; Rokyta et al. 2008;
Schoustra et al. 2009). A bell-shaped distribution has been
estimated as the one that best describes the ﬁrst ﬁxation
event, whether it is the result of one (Barrett et al. 2006;
Rokyta et al. 2008) or perhaps several mutations (Rozen
et al. 2002; Hegreness et al. 2006; Schoustra et al. 2009).
Inanumberoftheabove-mentionedstudies,adaptation
was studied in organisms that carried resistance mutations
(Schoustra et al. 2009; Barrick et al. 2010; Hall et al. 2010).
The mutations detected, however, may not be exclusively
compensatory to the antibiotic resistance. To our knowl-
edge, we present the ﬁrst study that directly addresses the
rate and effects of compensatory mutations because we
study populations that were adapted to the environment
priortotheintroductionofresistance(whichwasnotdone
in previous studies). We followed the adaptation of two
isogenic clones of E. coli, differing by a single point muta-
tion, and used a system that contains many more neutral
markers than previous studies, to infer the effects of com-
pensatory mutations to streptomycin resistance. Strepto-
mycin is an aminoglycoside that binds to the ribosome,
interferes with polypeptide synthesis during translation,
and induces misreading of the genetic code (Ruusala
et al. 1984; Kohanski et al. 2010). Resistance to this antibi-
otic typically results from mutations in the gene rpsL,
encoding the ribosomal protein S12, which prevents the
drug from binding to the ribosome. A multitude of differ-
ent alleles at this locus conferring resistance is known to
occur in natural bacterial populations (Brzostek et al.
2004). The cost of each of the two mutations studied here
was measured in competition against a reference strain, in
rich medium, and was found to be about 18% for the K43N
mutation and about 27% for the K88E mutation, similar to
what was measured before (Trindade et al. 2009). Such
mutations are not only costly but also likely to be highly
pleiotropic. Therefore, we interpret adaptation toward
a new ﬁtness peak in the light of FGM. For instance,
Maisnier-Patin et al. (2002) studied compensatory adapta-
tion to the presence of the mutation K43N (rpsL)i n
Salmonella typhimurium, homologous to the one reported
here. They found at least 35 different compensatory muta-
tionsinfourgenes,whichpointtorpsLbeingahighlypleio-
tropic gene where deleterious mutations can be
compensated by many different mechanisms. Here, we
use information on these mutations conferring resistance
to create two sets of populations that differ exclusively in
a mutation that places these populations at different
distances from the optimum. Subsequently, we use an ex-
tremely powerful experimental approach to detect beneﬁ-
cial mutations, based on a system of several neutral
markers, ﬁrst developed by Imhof and Schlotterer (2001)
and Perfeito et al. (2007) but improved for sensitivity. This
setup allows us to access the distribution of contending
beneﬁcial mutations with a resolution that has never been
achieved previously. After estimating the distribution of
contending mutations, we estimate the rate of occurrence
of compensatory mutations from the mean number of
mutations observed in each set of replicated populations
undergoing compensatory adaptation. We ﬁnd that com-
pensatory mutations are pervasive and very rapidly allow
partial compensation of the effects of single strongly delete-
rious mutations. We further show that FGM provides a rea-
sonable theoretical framework on which to interpret the
dynamicsofcompensatoryevolutionofantibioticresistance.
Materials and Methods
Bacterial Strains and Plasmids
The strains used were E. coli K12 MG1655 wild type (araþ)
and Dara. The latter was used as the reference strain for the
competition ﬁtness assays. These two strains are easy to
distinguish in tetrazolium arabinose indicator agar since
Dara gives rise to red colonies (due to a deletion in the
arabinose operon) (Lenski et al. 1991) and ara
þ originates
white colonies.
The plasmid pBR322 carrying a microsatellite fragment
cloned between the HindIII and BamHI sites with 32 GA
repeats, previously constructed by Perfeito et al. (2007),
was further modiﬁed in the number of GA repeats to
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used to transform nine subpopulations derived from the
ancestor E. coli clone. These subpopulations were subse-
quently modiﬁed by P1 transduction (Silhavy 1984) to in-
corporate one point mutation conferring streptomycin
resistance (either K43N; AAA to AAC or K88E; AAA to
GAA).
Preadaptation Experiment
In order to guarantee that the distance to the adaptive
peak was due to the mutation conferring antibiotic resis-
tance only, we performed experimental evolution of the
wild-type strain during 2,400 generations prior to introduc-
ing these mutations. The environment for this preadapta-
tion was the same as that used in the subsequent
experiment (see below). During the ﬁrst 1,400 generations,
a 3% increase in ﬁtness was observed, after which the
ﬁtness of the population reached a plateau (ﬁg. 2). A single
clone from the 1,400 generations evolved population was
selected as the ancestor for the compensatory evolution
experiment, assuring that the genetic background before
the transference of the antibiotic resistance mutations
was the same.
Evolution Experiment
Each of the initial populations was composed of nine sub-
populations bearing a plasmid with a microsatellite with
different numbers of the repeat unit (GA), at approxi-
mately the same frequency (;1/9). In this bacterial strain,
the microsatellites mutate at much smaller rates than in
other strains (Schlotterer et al. 2006; Perfeito et al.
2007), such that during the time course of the experiment,
no novel microsatellite alleles were detected. To access the
neutrality of the marker system, we measured the growth
rate of the ancestral bacteria with and without the plasmid
(pBR322). No signiﬁcant difference was found so this plas-
mid has a negligible cost to the bacteria. Furthermore, we
inferred adaptive events in all the nine microsatellites, sup-
porting their neutrality. Each population carried either
a K43N or a K88E mutation. There were 30 independent
populations per mutation. The evolution experiment
was initiated by inoculating 10 ml of Luria Bertani medium
(LB) with approximately 1,000 cells, which were allowed to
grow for 24 h at 37 C with aeration, reaching approxi-
mately a concentration of 10
9 CFU/ml in each population.
Every day, these cultures were propagated with a constant
dilution factor of 10
 6, corresponding to transference of
a sample of about 1,000 cells to seed another ﬂask with
10 ml of fresh medium. In this way, the number of gener-
ations per day corresponds to 23. The experiment was car-
riedoutduring 69generations,whichwas sufﬁcienttimeto
be able to detect at least one compensatory mutation in
every population. The effective population size in the ex-
periment minimizes the effects of clonal interference and
accumulation of deleterious mutations.
Microsatellite Frequency Measurement
In all populations, the frequency of each subpopulation
tagged with a different microsatellite marker was daily
quantiﬁed, that is, approximately every 23 generations.
The quantiﬁcation procedure involved the extraction of
plasmid DNA using the High Pure Plasmid Isolation Kit
(Roche), according to the manufacturer’s instructions
andthesubsequentdoubledigestionwithEcoRVandSgrAI
for 2 h at 37 C. The two enzymes’ recognition sequences
are located next to each end of the microsatellite, so a dou-
ble digestion isolates this fragment from the rest of the
plasmid. Subsequently,the restriction reaction was puriﬁed
using the NucleoSpin Extract II Kit (Macherey-Nagel). The
puriﬁed restriction products were then ﬂuorescently
labeled with ABI PRISM SNaPshot Multiplex Kit (Applied
Biosystems). This kit consists of a mixture of four dideox-
ynucleotides labeled with different ﬂuorochromes, DNA
polymerase, and the corresponding buffer. One of the ends
of the microsatellite contains a fragment with a 3#OH re-
cessed end, which was used by the polymerase to add the
appropriateﬂuorescentlylabeleddideoxynucleotide.There-
sulting labeled fragments were then separated using the
3130xlGeneticAnalyzer(AppliedBiosystems),andthearea
under the peaks was used to calculate the relative fre-
quency of each microsatellite in the population. This
new method introduces much less error in the estimation
of frequency than previous methods involving hybridiza-
tion with a radioactive labeled probe.
Microsatellite Analysis
We considered that an adaptive event occurred when
a signiﬁcant change in frequency (DF) of a microsatellite
allele was observed as in previous studies (Schlotterer
et al. 2006; Perfeito et al. 2007). Speciﬁcally, DF was consid-
ered to be signiﬁcant when DF . 2 (SD Pi þ SD Pf), where
SDPiandSDPfarethestandarddeviations(SDs)associated
with the initial (Pi) and ﬁnal (Pf) frequencies of the micro-
satellite in the observed interval. To estimate the SD asso-
ciated with the microsatellite frequency, we made nine
independent mixtures of two microsatellites at different
frequencies, extracted plasmid DNA and quantiﬁed it as
previously described. The error associated with the exper-
imental procedure corresponds to a SD 5 0.01, such that
only increases in frequency above 4% were considered
signiﬁcant. This implies that we are not able to detect
mutations of very small effect on one hand, and on the
other hand, the selection coefﬁcient of the mutations
detected has a small error.
The selective coefﬁcient (s) of each mutation was then
calculated (following Crow and Kimura 1970; Schlotterer
et al. 2006; Perfeito et al. 2007):
s5ln
"
Pf
Pi
ð1 PfÞ
ð1 PiÞ
#
  G 1; ð1Þ
where G is the number of generations (23, 46, or 69) for which
a signiﬁcant increase in frequency was observed.
There are two potential biases in this estimation of se-
lection coefﬁcients, which arise from two different causes.
The equation assumes that no clonal interference occurs
and that a single selective sweep is happening in the course
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of multiple mutations segregating in our populations, the
estimates of s will be biased by that fact. However, we can
minimize such a bias if we measure the values of s while the
mutations are at low frequency since the effect of clonal
interference will only lead to large biases when more than
onemutationisathighfrequency.Inordertominimizethis
effect, we estimated the selection coefﬁcient from the ﬁrst
signiﬁcant change in frequency detected. In this analysis,
we assume that a signiﬁcant change in frequency of the
neutral marker reﬂects a corresponding change in fre-
quency of the linked beneﬁcial mutation. This assumption
is only strictly met when the beneﬁcial mutation is ﬁxed
within thesubpopulation thatcarries theparticularneutral
marker. This is likely for mutations of large effect but may
not to be accomplished for mutations of small ﬁtness
effect. To assess the importance of this, we have performed
Monte Carlo simulations of asexual populations carrying
nine different neutral markers where we followed the fate
of a beneﬁcial mutation and the linked neutral allele. As in
our experiments, in the discrete time stochastic simula-
tions, we also assume that the population undergoes
periodic bottlenecks every 23 generations to a size of
a 1,000 individuals. Every generation the population size
doubles, the expected frequency of the different classes
present in the population (carrying the different microsa-
tellite markers) is calculated according to its deterministic
expectation. Genetic drift is modeled by multinomial sam-
pling. Twenty replicate simulations of populations were
done in which a beneﬁcial mutation with a given selection
coefﬁcient was followed. In these simulations, we observe
that beneﬁcial mutations of very small effect (less than 1%)
can only cause detectable changes in frequency of the
linked marker if they are at very high frequency in the
marker subpopulation. This means that we may miss very
small effect mutations with this detection method.
Furthermore, the simulations indicate that the estimated
s values of mutations with s , 1% may be slightly under-
estimated, if they are at a very low, albeit detectable fre-
quency, within the time frame of this study. The vast
majority of the mutations observed in this study resulted
in s values larger than 1%, so, except for a few mutations
(9% in the case of K43N and 3% in the case of K88E), we do
not expect their effects to be underestimated.
Fitness Assays
The ﬁtness cost of the two mutations conferring antibiotic
resistanceaswellastheﬁtnessoftheevolvedpopulation(for
;1,400 generations) in the preadaptation experiment was
measuredbycompetitivegrowthagainstthereferencestrain
E. coli K12 MG1655 Dara. The competitor and the reference
strains were grown separately and then mixed in a propor-
tion of 1:1 in the competition tube containing 10 ml of LB.
They were then allowed to compete for approximately 24 h.
The initial and ﬁnal ratio of the strains was determined by
plating appropriate dilutions of the cultures in tetrazolium
arabinose indicator agar. The ﬁtness cost of each resistance
mutation, that is, the selection coefﬁcient, was estimated
as the difference per generation in Malthusian parameters
for the resistant strain and the marker strain (Lenski et al.
1991), discountedby thecostof the Daramarker.Theﬁtness
cost of each mutation was determined as the average of six
independent measurements for the K43N mutation and
eight independent measurements for the K88E mutation.
The ﬁtness increase of the preadaptation experiment was
based on ﬁve independent measurements.
Reversion Assays
The reversion of the antibiotic resistance phenotype to the
sensitive state was tested for all the evolved populations
after 69 generations. This was done by plating each of the
60 populations in LB agar and replica plating more than
50 colonies per population into LB agar plus 100 lg/ml of
streptomycin. Bacteria that grew on LB agar but failed to
form colonies in LB agar plus streptomycin were scored as
revertants(thesewereonlydetectedinthreepopulationsini-
tially carrying K88Emutation). The rpsL gene was sequenced
forasampleoftheseclonesinordertoconﬁrmthatthisphe-
notypewastheresultofabackmutation(E88K;GAAtoAAA).
Statistical Analysis
All statistical analyses were performed using R 2.3.1 (http://
cran.r-project.org/ [date last accessed June 2011]) and
Mathematica 6.0 (Wolfram Research 2007).
We tested if the distribution of ﬁtness effects of the mu-
tationscompensating foreachoftheresistances werecom-
patible with the predictions from FGM of adaptation.
Fisher (1930) considered that an organism is described
by a number of phenotypic traits (n), each having an
optimum value in a given environment and a population
located away from that optimum. This displacement could
be caused either by an environmental change or by the ﬁx-
ation of a deleterious allele. New mutations, considered as
random vectors in the geometric space of trait values, can
then move the population closer to the optimum. Those
that do so are beneﬁcial and can contribute to adaptation
to that environment. In the process of adaptation, three
types of distributions of beneﬁcial mutations can be distin-
guished (Rozen et al. 2002): the distribution of arising mu-
tations (the focus of Fisher when he proposed his
geometrical model), the distribution of mutations that
escape stochastic loss—also called contending mutations
(which are those detected in this study)—and the distribu-
tion of mutations that ﬁx as the population adapts. In sex-
ual populations or in asexual populations with low
mutationalinput (NeU,,1),thedistribution ofcontend-
ing mutations is expected to be the same as that of ﬁxed
mutations. This is so because clonal interference—the pro-
cess of competition between clones carrying distinct adap-
tive alleles—is reduced under low NeU and every mutation
that escapes initial loss will ﬁx before any other mutation
arises (Gerrish and Lenski 1998; Perfeito et al. 2007).
Predictions under FGM
To predict the distribution ofcompensatory mutationsun-
der FGM, we started with a phenotype at a given distance
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ference to the most ﬁt phenotype (which has ﬁtness 1) of
1   w0, as shown in ﬁgure 1. We then simulated 200,000
mutants, whose new position in the geometrical space of n
dimensions is taken from a multivariate normal distribu-
tion of mean 0 and variance r
2. We then calculated their
ﬁtness by assuming a gaussian relation of ﬁtness with the
distance to the optimum: wmut 5 Exp( d
2), where the
optimum is located at the center of the geometrical space
(opt 5 [0, 0, ...,0]) (Martin and Lenormand 2006; Gros
et al. 2009). The selection coefﬁcient of a mutation is given
by s 5 wmut   w0. At the optimum, all mutations are del-
eterious, and their mean effect is E(sd) 5  nr
2. Figure 1
shows a quantitative prediction of the mean effect of aris-
ing beneﬁcial mutations under FGM. In table 1, we show
the mean s of contending beneﬁcial mutations (which are
the mutations we are measuring in this study). To calculate
the mean effect of compensatory mutations that escape
drift and can therefore be detected, we assumed a proba-
bility of ﬁxation of 1   e
 2s.
Estimation of the Distribution of Contending Compensatory
Mutations
The ﬁt of alternative probability density functions to the
observed distribution of selective coefﬁcients was quanti-
ﬁed by maximum likelihood. We then used the Akaike’s
information criterion (AIC) to compare the log likelihood
of non-nested models. As commonly done (Barrett et al.
2006; Kassen and Bataillon 2006; McDonald et al. 2011),
several continuous distributions were chosen as models
for the effects of beneﬁcial mutations. We note that be-
cause of the discrete nature of mutation, the choice of
a continuous distribution is an approximation. This ap-
proximation should not be very drastic in this system since
many different mutations that compensate for the costs of
antibiotic resistance are known to occur (Maisnier-Patin
et al. 2002). Because of the limits of detection of beneﬁcial
mutations in our experimental system, we also considered
truncated distributions. The truncationgenerally improved
the ﬁt to the data. Although the error associated with the
estimationofsissmallbecauseweonlyconsidermutations
for which a signiﬁcant change in frequency is observed (see
above), considering error in the values of s does not lead to
different values of the parameters estimated by maximum
likelihood (see supplementary material, Supplementary
Material online).
Test of Domain of Attraction of the Distributions
Because we preadapted our bacterial clone before intro-
ducing the resistance mutation, our expectation for the
maximum effect of a compensatory mutation corresponds
to thecost oftheresistance introduced (indeed, we didnot
detect any mutation with a magnitude bigger than the
cost). This means that a priori we expect that a bounded
distribution will provide a good ﬁt to the data. To test for
this, we applied the likelihood framework developed by
Beisel et al. (2007), where the properties of the tails of
the distributions are tested. Following this procedure, we
found no support for a Gumbel domain of attraction
for neither K43N nor K88E populations. However, like
suggested in Beisel et al. (2007), we may fail to detect small
selection coefﬁcients, so we shifted the distribution of
selection coefﬁcients relative to the smallest s detected.
Following this procedure, we found no support for
a Gumbel domain of attraction in the case of the K88E
but did not reject the Gumbel domain for the K43N pop-
ulations.Consideringerrorintheestimatesofs,inthisanal-
ysis, resulted in a rejection of the Gumbel domain for the
K88E but not for K43N populations.
FIG.1 .Mean selection coefﬁcient of arising compensatory
mutations relative to the distance to the optimum obtained by
simulation (for details, see Materials and Methods). The mean effect
of mutations at the optimum is E(sd) 5  0.012 (ﬁlled symbols) or E
(sd) 5  0.03 (open symbols), as suggested for Escherichia coli
(Kibota and Lynch 1996; Trindade et al. 2010, respectively). The
mean effect of arising beneﬁcial mutations is shown, assuming
different values of the number of phenotypic traits, n, in FGM.
Triangles n 5 15 and squares n 5 25.
Table 1. Mean Effect of Compensatory Mutations E(s) under FGM
Considering Different Levels of Phenotypic Complexity (n) and
Distance to the Optimum (cost of resistance).
E(sd)
a 52 0.0125 E(sd)
a 52 0.03
Cost of Resistance Cost of Resistance
0.18
b 0.27
b 0.18
b 0.27
b
n
c E(s) n
c E(s)
4 0.053 0.069 4 0.074 0.100
5 0.047 0.062 6 0.060 0.081
6 0.043 0.056 14 0.038 0.051
7 0.039 0.053 15 0.037 0.049
10 0.032 0.043 20 0.030 0.041
13 0.029 0.037 22 0.027 0.038
14 0.027
d 0.036
d 25 0.026
d 0.036
d
15 0.025 0.034 26 0.026 0.036
a At the optimum, all mutations are deleterious and are assumed to cause an
average ﬁtness decline (E[sd]) of 1.2% or of 3%, as estimated in two different
mutation accumulation experiments in Escherichia coli (Kibota and Lynch 1996;
Trindade et al. 2010).
b Two different distances from the optimum are assumed compatible with the
costs of resistance of each mutation studied (0.18 and 0.27).
c Levels of phenotypic complexity.
d Mean effects of beneﬁcial mutations compatible to those observed in our study.
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The rate of mutation to new compensatory alleles can be
estimated from the mean number of compensatory muta-
tions segregating during a given time of evolution, Tobs. For
a beneﬁcial mutation with selection coefﬁcient s to be ob-
served, it has to survive stochastic loss and not be outcom-
peted by any other beneﬁcial mutations that can arise with
an effect bigger than s, during the time Tobs. Following
Gerrish and Lenski (1998) and assuming that the distribu-
tion of ﬁtness effects of arising beneﬁcial mutations follows
a beta distribution with parameters a and b, leading to
a beta distribution with parameters a þ 1( p1) and b
(p2) for contending beneﬁcial mutations, as supported
by our data (cf. Results and table 2), the expected number
of beneﬁcial mutations, Nmut, that are able to reach
a detectable frequency during a time Tobs is given by:
Nmut 5TobsNU
Z 1
0
Betaða;b;sÞpðsÞe 1ðU;N;sÞ; ð2Þ
where IðU;N;sÞ5ecNUð 1 esTobs
s Þ
R 1
s Betaða;b;sÞpðsÞ and c is
the Euler constant (Gerrish and Lenski 1998; Gerrish 2001).
We then found the value of the mutation rate for which
Nmutmatchesthemeannumberofdetectedbeneﬁcialmu-
tationsforeachresistance(2.7,95%conﬁdenceinterval(CI)
[2.4–3.1] for the K43N resistance and 3.4, 95% CI [3.0–3.7]
for the K88E resistance). Figure 6 shows the results of this
analysis taking in consideration the uncertainty in the es-
timate of the b parameter for the beta distribution.
Results
Adaptation to a Fitness Peak and Displacement of
Fitness Optimum
We ﬁrst adapted a population to a constant laboratory en-
vironment and followed its ﬁtness increase for more than
2,000generations.Weobservedamodestﬁtnessincreaseof
about 3% and after 1,400 generations, no signiﬁcant ﬁtness
increments were detected (ﬁg. 2). This fact ensured us that
by generation 1,400, the bacterial population had either
reached a ﬁtness peak or it was so close to the peak that
no further changes on mean population ﬁtness could be
detected. Any newly arising mutation on a clone from this
highly adapted population will then likely lead to a ﬁtness
decline. Subsequently, we produced a clonal population
that was displaced from the optimum by introducing
one of two antibiotic resistance mutations. These muta-
tions pose different ﬁtness costs, hence displacing the
adapted population to different positions in the ﬁtness
landscape. Any novel adaptive mutation that would occur
after this displacement would thus most likely compensate
for the effect of the deleterious mutation introduced.
Table 2. Maximum Likelihood Estimates of the Parameters for the Different Distributions.
K43N K88E
Distribution p1
a p2
a Log Likelihood
b AIC
c p1
a p2
a Log Likelihood
b AIC
c
Beta
d 2.8 6 0.4 106 6 15.8 238.0 2472 4.5 6 0.6 120 6 17 277.6 2551
Beta T
e 1.8 6 0.5 78 6 18 243.2 2482 4.3 6 0.6 117 6 18 277.9 2552
Lognorm
d 23.86 6 0.07 0.59 6 0.05 238.4 2473 23.44 6 0.05 0.49 6 0.03 275.4 2547
Lognorm T
e 23.89 6 0.08 0.65 6 0.06 244.8 2486 23.44 6 0.05 0.49 6 0.03 275.5 2547
Gamma
d 2.9 6 0.4 112 6 16.83 238.4 2473 4.6 6 0.6 129 6 18 277.6 2551
Gamma T
e 1.9 6 0.6 83 6 18.38 243.3 2483 4.5 0.5687 125.6 1 16.6 277.9 2552
Weibull
d 1.6 6 0.13 0.03 6 0.002 233.7 2463 2.2 6 0.2 0.04 6 0.002 274.6 2545
Weibull T
e 1.27 6 0.216 0.02 6 0.004 242.7 2481 2.14 6 0.14 0.04 6 0.002 276.2 2548
2sHalfnorm
d 41 6 2 226.3 2451 45 6 2 273.5 2545
2sHalfnorm T
e 44.86 6 2.02 240.9 2480 45.17 6 2.07 275.8 2548
Exponential
d 39 6 4 219.3 2437 28 6 3 234.9 2468
Exponential T
e 52 6 6 241.4 2481 33 6 6 253.4 2503
Normal
d 0.03 6 0.002 0.02 6 0.001 216.9 2430 0.036 6 0.002 0.017 6 0.001 268.9 2534
Normal T
e 20.07 6 0.2 0.05 6 0.04 242.1 2480 0.002 6 0.03 0.04 6 0.01 264.5 2525
a Maximum likelihood estimates of the parameters of the different distributions corresponding to the effects of beneﬁcial mutations in the populations carrying the K43N
resistance mutation and carrying the K88E resistance mutation.
b Maximum log likelihood estimate of each distribution to the respective data set (mutations in the populations carrying the K43N or the K88E resistance mutation).
c Akaike’s information criterion (AIC 5 2k   2logL, where k is the number of parameters) allows the comparison of the goodness of ﬁt between the different models
assumed. The CIs next to each parameter represent the SE.
d The relevant parameters (p1 and p2) of each distribution are as follows: Half normal:
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e Distribution truncated for s , 0.006.
FIG.2 .Adaptation to a ﬁtness peak. Fitness increased (relative to the
ancestral strain) about 3% in the ﬁrst 1,400 generations and reached
a plateau thereafter. The clone used for the compensatory evolution
was picked at generation 1,400. The error bars denote two times the
SE. The mean at generation 184 is not signiﬁcantly different from
that at generation 0.
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1422Speciﬁcally, the resistance mutations that we introduced
into the adapted clone, K43N and K88E, pose a ﬁtness re-
duction of 18% and of 27%. Given these ﬁtness costs and
assuming that they reﬂect a ﬁtness distance to the opti-
mum, FGM makes the qualitative prediction that compen-
satory mutations to the K43N resistance mutation should be
of smaller effect than those compensating for the K88E
mutation. Moreover, it speciﬁcally predicts the values of
themeaneffectsofsuchmutations(ﬁg.1)thatwetestbelow.
The Distribution of Compensatory Mutations in
Populations at Different Distances from the
Optimum
To estimate the distribution of compensatory mutations,
we followed the dynamics of replicate populations in
the initial stage of the adaptive walk (e.g., see ﬁg. 3). Note
that these mutations are those that were able to escape
initial stochastic loss and can therefore be detected at
sufﬁciently high frequencies such that drift will no longer
inﬂuence their fate, that is, we estimate the distribution of
contending compensatory mutations. We did this for two
sets of 30 populations, each carrying either the K43N or the
K88E mutation. All populations carried a plasmid bearing
different microsatellite neutral markers, from which we
could detect the occurrence of adaptive events, through
signiﬁcant increases in the marker frequency (see Materials
and Methods; Imhof and Schlotterer 2001; Perfeito et al.
2007). Surprisingly, within only a short period of 69 gener-
ations (3 days of passages), compensatory mutations were
detected in all evolving populations. This shows that com-
pensation to the cost of each of these resistances occurs at
very high rate. Furthermore, when testing for the reversion
of the antibiotic resistance, we found that the reversion
E88K was present in three populations at generation 69,
but the reversion N43K was not detected in any of the
30 populations.
We observed three different types of dynamics (ﬁg. 3)i n
the adapting populations during the short period studied,
each compatible with a different scenario: 1) one adaptive
mutation dominating the population—periodic selection
regime, 2) coexistence of beneﬁcial mutations in different
backgrounds—classical clonal interference regime, and
3) multiple mutations in the same background—clonal in-
terferenceinthemultiplemutationsregime(forareviewof
this theoretically predicted regimes, see Sniegowski and
Gerrish 2010). The situations described in 1) and 3) were
the least frequent. From these dynamics and the signiﬁcant
changes in allele frequencies of the microsatellite markers,
we estimated the selective coefﬁcients corresponding to
each detectable adaptive event. The distributions of effects
of compensatory mutations, based on the adaptation of 30
populations for each of the resistance mutations, are rep-
resented in ﬁgure 4. The distributions for K43N and K88E
resistances were signiﬁcantly different (Kolmogorov–
Smirnov: P , 0.001), and, as expected, the mean effect
was higher for the more costly resistance mutation (E[s]
5 0.036, for the K88E resistance mutation) than for the less
costly mutation (E[s] 5 0.025, for the K43N resistance
mutation).
Next, we compared the observed mean effects of com-
pensatory mutations with those predicted by FGM. As ex-
plained previously, we assumed that resistance mutations
displace the population from the optimum by an amount
givenbytheresistancecost.Furthermore,weassumedthat,
at the optimum, where the sensitive bacteria (before the
resistance was introduced) are placed, the mean effect
ofdeleterious mutations is about 1.2%(Kibotaand Lynch
1996)o r 3% (Trindade et al. 2010) as estimated from mu-
tation accumulation studies. Given these assumptions, we
can test if the mean effects of compensatory mutations ob-
served are in agreement with the predictions of FGM. Since
thecompensatorymutationsthatwecanobservearethose
that escape drift, we consider only contending mutations
(see Materials and Methods). In table 1, we show the pre-
dicted values of the mean effect of beneﬁcial mutations
that escape initial stochastic loss, and are therefore detect-
able, under FGM for different values of phenotypic com-
plexity n. The mean effect of compensatory mutations
FIG.3 .Dynamics of adaptation for compensation to the costs of antibiotic resistance. The changes in frequency across generations of the
different microsatellite markers (number of GA repeats from 20 to 35). (a) Example of a population carrying resistance allele K43N where
a strongly beneﬁcial mutation is inferred; (b) Example of a population carrying resistance allele K43N where two beneﬁcial mutations occurring
in different genetic backgrounds are detected; (c) Example of a population carrying resistance allele K88E where the occurrence of at least two
beneﬁcial mutations in the same clone can be inferred (note that the two distinct frequency increases can be seen in the ﬁrst 23 generations
and then between generation 46 and 69).
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1423measured for each of the resistance backgrounds is
consistent with that predicted by FGM for a level of
complexity of around 15, if the mean effect of deleterious
mutations at the optimum is E(sd) 5  0.0125, or around
25 if E(sd) 5  0.03. We note, however, that this is not
a statistical test of FGM predictions.
Weﬁttedthedataoftheestimatedselectioncoefﬁcients
of compensatory mutations of each resistance mutation
using maximum likelihood and assuming different types
of distributions. Although we can be guided by theoretical
results when considering certain distributions, the partic-
ular study system can always present deviations from the
models assumptions (Miller et al. 2011). We therefore
considered several types of distributions for the selection
coefﬁcients of compensatory mutations, beyond those
expected a priori. In table 2, we show the maximum likeli-
hoodestimatesoftheparametersaswellastheAIC.Theory
(Martin and Lenormand 2008) predicts that the distribu-
tion of contending mutations, corrected by the distance to
the ﬁtness peak, when a population is close to the opti-
mum, should be beta with shape 2. We therefore also
include this distribution in our maximum likelihood anal-
ysis and tested if the data support this prediction. We
should note, however, that the cost of the resistances,
especiallythatofK88E,issubstantialandsotheassumption
of proximity to the optimum may be critical in our system.
On the other hand, under FGM, when populations are
very far from the optimum, the distribution of mutation
effects (both deleterious and beneﬁcial) is expected to
be normal. For this reason, we also include a half normal
distribution because we only measure beneﬁcial mutations
in our analysis.
In our experimental setup, as in many other experi-
ments, there is a limit to the ability of detecting small effect
mutations.Theminimumvalueofsestimatedwas0.006,so
we can expect that mutations with selection coefﬁcients
below 0.006 will not be detected in our system. Consistent
with this expectation, when we perform simulations of the
spread of beneﬁcial mutations under selection and drift in
asexual populations undergoing periodic bottlenecks, as in
our experiments, we can observe that mutations with s ,
0.006 are very unlikely to increase sufﬁciently in frequency,
over a short time, to be detectable given the experimental
error in our setup (see Materials and Methods). To accom-
modate for that bias, we performed a maximum likelihood
analysis assuming a truncated distribution as a model for
the distribution of detectable mutations. Table 2 shows
that the distributions truncated for very low-effect muta-
tions (s , 0.006) provide higher likelihoods for the data of
both resistances. Truncation of the beta distribution in-
creased signiﬁcantly the ﬁt of the distribution to the data
for the K43N mutation (Kolmogorov–Smirnov test: P 5 0.3)
and also for K88E (Kolmogorov–Smirnov test: P 5 0.74),
although not as much in this later case probably because
the distribution of compensatory mutations for this resis-
tance was already much less skewed than the distribution
relative to K43N (see histograms on ﬁg. 4). On the basis
ofthedistributions tested,weobservethatthetruncatedlog-
normal is the distribution with the lowest AIC for the resis-
tance mutation K43N. The truncated distribution beta and
gamma also have very high log likelihoods for this data
set, and all of these distributions are supported by the data
based on Kolmogorov–Smirnov test. For the resistance
mutation K88E, the truncated beta and gamma produce
the minimum AIC and both are supported based on
Kolmogorov–Smirnov tests.
In contrast to the lognormal and the gamma distribu-
tions, the beta distribution has ﬁnite support, which is
probably more reasonable biologically. Indeed, if popula-
tions are acquiring beneﬁcial mutations toward reaching
a single peak, we would expect that the maximum value
of s observed would be given by the selection coefﬁcient
of the back mutation, which totally compensates the cost
of resistance. Consistent with this, the truncated beta
distribution describes reasonably well the data for both
mutations: Kolmogorov–Smirnov test P 5 0.3 for K43N
mutation and P 5 0.74 for K88E mutation.
We further analyzed the properties of the tails of the
best-ﬁt distributions to determine if the data provide ev-
idence for a bounded distribution. It is commonly assumed
that beneﬁcial mutationsare drawnfrom theextreme right
tail of the ﬁtness distribution, which makes the results of
extreme value theory (EVT) useful to make predictions
about their effects. EVT describes three types of limiting
FIG.4 .The distribution of compensatory contending mutations, f(s). (a) Close to the optimum, starting genotype carrying resistance allele
K43N;( b) far from the optimum, starting genotype carrying resistance allele K88E. The distributions are signiﬁcantly different Kolmogorov–
Smirnov test P , 0.001.
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attraction, which lead to the widespread assumption that
arising beneﬁcial mutations are exponential distributed; in
the Fre ´chet domain, which includes distributions with
a heavier tail than exponential; and in the Weibull do-
main, which contains distributions with lighter tails than
exponential and which possesses a ﬁnite upper bound.
We have applied the likelihood ratio framework devel-
oped by Beisel et al. (2007) to analyze the properties of
the tails of the distributions of ﬁtness effects of beneﬁcial
m u t a t i o n st h a tw eh a v em e a s u r e d( s e eM a t e r i a l sa n d
Methods). For the data corresponding to the K88E muta-
tion, table 2 indicates that the beta and the gamma dis-
tributions have similar log likelihood values and similar
A I C .I nt h ec a s eo fK43N, the lognormal shows the highest
likelihood. To test if the tail of the distribution of the data
belongs to the Gumbel domain (a domain which includes
the gamma and lognormal distributions), we performed
a likelihood ratio test against a generalized Pareto distri-
bution as implemented in Beisel et al. (2007).I nf a c t ,t h e
data of beneﬁcial mutations for each of the resistance
backgrounds reject the Gumbel domain (P ,, 0.001),
which provides additional support for the beta. However,
Beisel et al. (2007) also present a method for taking into
account that small effect mutations may be missed. With
this method, our data on compensatory mutations for
K43N resistance allele do not reject the Gumbel domain
of attraction, though this domain is rejected for the K88E
mutation. Therefore, we conclude that the beta distribu-
tion provides a better description of the data for the K88E
resistance, but we cannot discard the lognormal for the
K43N mutation. In sum, our data are compatible with this
distribution and indicate that its shape increases with
increasing cost of resistance.
MartinandLenormand(2008)madethepredictionthan
under FGM, when populations are not too far from the
peak, the distribution of s/s0 ; Beta (2, m/2), where s0
is the ﬁtness distance to the peak, m is the dimensionality
of the phenotype-ﬁtness landscape (the number of traits
under selection), and s is the selection coefﬁcient of ben-
eﬁcial mutations that escape drift (contending mutations).
We determined the maximum likelihood estimate of m/2
foreachofthedatasetsK43NandK88E,assumings050.18
ands050.27,respectively,andtruncatingthedistributions
for s, 0.006.We found=2K43N513:0and =2K88E513:7.We
then found that the data corresponding to the K43N resis-
tance did not reject the prediction of a beta distribution
with shape parameter 2 (Kolmogorov–Smirnov test: P 5
0.2; Log likelihood 5 243.2 and AIC 5  484). Therefore,
the estimated distribution of contending compensatory
mutations forthe K43Nresistance supports thepredictions
of Martin and Lenormand (2008). On the other hand, the
data corresponding to the K88E resistance rejected the hy-
pothesis of a beta with shape 5 2 (Kolmogorov–Smirnov
test: P , 0.01). This is not surprising since the K88E pop-
ulations are expected to be much more distant from the
peak, where the theoretical approximation is less likely to
hold.
The Rate of Newly Arising Compensatory
Mutations
The rate of newly arising compensatory mutations can be
estimated from the number of mutations observed in each
population and their effects on ﬁtness. All populations of
each resistance mutation acquired at least one compensa-
tory mutation, which caused a detectable increase in fre-
quency of the linked marker over 69 generations. In
several populations, more than one beneﬁcial mutation
was detected. Figure 5 shows the distribution of the number
of contending mutations in each set of populations. The
mean number of compensatory mutations segregating in
the populations carrying resistance K43N was smaller (2.7)
than for the populations carrying resistance K88E (3.4).
Following the theoretical framework developed by
Gerrish and Lenski (1998) and Rozen et al. (2002),w e
can estimate the expected number of beneﬁcial mutations
that are able to segregate to detectable frequencies in our
system, where mutations are detectable if they reach a fre-
quencyofaround10%.Wehavecalculatedthismeannum-
ber of segregating mutations for a given value of the
beneﬁcial mutation rate and assuming that ﬁtness effects
of arising beneﬁcial mutations are beta distributed. If aris-
ing beneﬁcial mutations follow a beta distribution (with
shape a), then contending mutations will follow a beta
(with shape a þ 1). The beta distribution provides a good
ﬁt to the data on contending compensatory mutations of
each resistance so we assumed a beta distribution for aris-
ing mutations. Under this assumption, and for a given U,
the expected number of segregating beneﬁcial mutations
was then compared with that observed in the populations
corresponding to each resistance mutation (mean of the
distributions shown in ﬁg. 5). Figure 6 shows the range
of U compatible with the observations taking into account
the variation of scale parameter of the beta distribution
obtained by maximum likelihood (K43N p2 5 78, standard
error [SE] 5 18; K88E p2 5 117, SE 5 15). For the K43N
background, we assumed that the distribution of the selec-
tive effects of arising mutations is beta with shape param-
eter 1, which leads to an observed distribution of beneﬁcial
mutations with shape parameter 2; and for the K88E,w e
FIG.5 .Distribution of numbers of contending mutations. Frequency
of populations, out of 30, where a given number of mutations (1–6)
were detected. Dark gray bars stand for the K43N mutation, whereas
light gray bars represent the K88E mutation.
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arising beneﬁcial mutations, compatible with an observed
beta distribution of contending mutations with shape 4
(see table 2). Figure 6a shows that the values of U compat-
ible with the data of the K43N populations are in the in-
terval (5   10
 5,2  10
 4), and ﬁgure 6b shows that U lies
in the interval (4   10
 5,1  10
 4) for the K88E popula-
tions. These estimates therefore do not support any signif-
icant differences in the rate of occurrence of compensatory
mutations in the two different genetic backgrounds.
Discussion
Due to their paucity, beneﬁcial mutations are difﬁcult to
study empirically. In particular, data on the distribution
of ﬁtness effects of compensatory mutations are lacking.
To gain an insight into the ﬁtness effects of compensatory
mutations, we have used a powerful marker system, where
the increase in frequency of different beneﬁcial mutations
can be followed through the dynamics of neutral markers
(Imhof and Schlotterer 2001; Perfeito et al. 2007). We
focused on compensation to the costs of antibiotic resis-
tance, which is a major determinant of persistence of
resistance in bacterial populations.
Here, we have studied beneﬁcial mutations, which com-
pensate for the cost of resistance to streptomycin, in two
different genetic backgrounds. Maisnier-Patin et al. (2002)
previously studied the occurrence of spontaneous com-
pensatory mutations in ‘‘Salmonella’’ cells carrying the
resistance mutation K43N, one of the genetic backgrounds
we have studied, and showed that several mutations can
compensate for the deleterious effect of resistance. Consis-
tent with their results, we found not only that compensa-
tory evolution can proceed through many different routes
but also that it is extremely rapid. A mean number of adap-
tive events per population of 2.7 (ﬁg. 5) for the K43N
resistance was observed in a period of only 69 generations.
This number was smaller than the one observed for the
K88E background (3.4, see ﬁg. 5). This result meets the the-
oretical expectation of a landscape model with a single ﬁt-
ness peak, in which the less adapted a population is, the
more opportunities there are to adapt. Our results are also
in agreement with those of Moore et al. (2000), who found
higher increases in ﬁtness for mutations incurring bigger
costs.
The number of compensatory mutations expected to
increase in frequency in asexual populations depends on
both the mutation rate and their ﬁtness effects. We have
found no signiﬁcant difference in mutation rates. However,
we found that the mean effect of beneﬁcial mutations is
larger for the K88E resistance background than for the
K43N background. This ﬁnding is consistent with FGM
as well as with the mutational landscape model. The max-
imum value of the mutations for the compensation of
K43N resistance detected was 0.08, whereas this value
was of 0.12 in the K88E background. Given the ﬁtness costs
of each resistance, the maximum expected values, corre-
sponding to a reversion N43K and E88K, would be 0.18
and 0.27, respectively. Being able to observe mutations
of these magnitudes imply that these were the ﬁrst to arise
in each of the two backgrounds, that is, no other compen-
satory mutations were present by that time. Moreover, if
a revertantemergedintheﬁrstgenerations,thenafter;34
generations, we would expect it to be ﬁxed. Indeed, we de-
tected the presence of revertants in three of the popula-
tions of the K88E background at the 69th generation,
but these were not ﬁxed in any of the populations, which
point to a later appearance of the back mutation. We must
emphasize that the corresponding frequency increase seen
in the microsatellite linked to the revertant clone was not
scored as an adaptive event since it was not the ﬁrst event
detected. In fact, a previous compensatory mutation of
smaller effect had already been scored for this marker.
By measuring solely beneﬁcial mutations while they are
FIG.6 .Estimation of the mutation rate to compensatory mutations. (a) Refers to K43N resistance background and (b)t oK88E resistance
background. The ﬁgure shows the range of Ua compatible with the mean number of observed mutations and the variation of the scale
parameter of the beta distribution obtained by maximum likelihood estimates (see table 2). The gray shading is proportional to the number of
mutations calculated using Equation (2) in the Materials and Methods (the darker the shading the lower the number of mutations), ranging
from 2.4 to 3.1 for the K43N mutation (which corresponds mean ± SE in ﬁg. 5) and from 3.2 to 3.5 for K88E mutation (which corresponds
mean ± SE in ﬁg. 5). See Materials and Methods and Gerrish and Lenski (1998) and Gerrish (2001) for the details of the estimation procedure.
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clonal interference but underestimate the number of adap-
tive events.
Our results are consistent with the idea that the vast
majority of adaptation to the costs of resistance occurs
through massive amounts of mutations causing partial
compensation (Andersson and Hughes 2010). In the cases
reported here, adaptive mutations compensated 13–14%
of the ﬁtness cost of the resistant mutation on average
and at most 44% of the cost. If we assume that the ben-
eﬁcial mutation with maximal effect was the one that
became ﬁxed in the population, then this implies that
the ﬁrst step in the adaptive walk corresponds to ap-
proaching 50% of the ﬁtness of sensitive bacteria. Such
a large increase in ﬁtness in the ﬁrst step of the adaptive
walk is theoretically expected (Orr 2005b). Interestingly,
our results are also consistent with the recent ﬁndings
of Gifford et al. (2011), who showed that the mean walk
length is the same regardless of the starting position, since
the ﬁrst mutations ﬁxed tend to be larger in lines that start
farther from the optimum.
Inastudythatfollowedcompensatoryadaptationtothe
K43N resistance in Salmonella with decreased mismatch
repair, Maisnier-Patin et al. (2002) found large effects for
compensatory mutations (s values above 0.10). Their sys-
tem of detection of compensatory mutations (appearance
of larger colonies) is likely to detect only mutations of
strong effect (or several mutations of small effect). That
is probably why only in 2 of 10 populations was adaptation
detectable in 500 generations. In addition, this longer
period of evolution may have led to the isolation of clones
withmorethanonecompensatorymutation. Itistherefore
difﬁculttocomparetheﬁtnesseffectsestimatedwiththose
estimated here. Besides all the differences in the methods
between these studies, we should also point out that differ-
ences between species in the distribution of compensatory
mutations are to be expected. This is so because of the ep-
istatic nature of mutations involved in antibiotic resistance
(Trindade et al. 2009; Ward et al. 2009). It remains to be
elucidated whether it is the speciﬁc mutation conferring
resistance to a given antibiotic or its ﬁtness cost in a strain
or species that contribute the most for the distribution of
compensatory mutations. Interestingly, a recent study of
adaptation of populations of E. coli resistant to rifampicin
found that the increase in mean population ﬁtness during
the ﬁrst stages of adaptation depends on the cost of resis-
tance (Barrick et al. 2010). Although a distribution of com-
pensatory mutations was not determined, the study
suggests that the difference in ﬁtness increase is not attrib-
utable to differences in mutation rate toward adaptive al-
leles. We note, though, that the mutation rate inferred in
this study is not the per genome per generation mutation
rate, but an effective mutation rate toward beneﬁcial mu-
tations with a constant selective effect (Hegreness et al.
2006), which gives rise to similar dynamics of the two neu-
tral markers that were used to detect adaptive events. In
our study, the power to detect such events is substantially
increased due to the use of many more neutral markers,
which permits the estimation of the mutation rate to
new compensatory alleles. Despite the difference in the
methods between studies, no signiﬁcant differences in
mutationratebetweenpopulationsresistanttostreptomy-
cin were found here, and no signiﬁcant differences in the
effective mutation rate were found in the populations
resistant to rifampicin (Barrick et al. 2010).
We have found support for a beta distribution describ-
ing the effects of compensatory mutations to the costs of
antibiotic resistance, although a gamma and a lognormal
were also supported. The beta distribution is expected un-
dera model ofadaptation toward a singleﬁtness optimum,
such as FGM. The predictions made by this model hold
reasonably well for the distribution of ﬁtness effects of del-
eterious mutations caused by transposable elements and
the distribution of epistasis in E. coli (Martin et al.
2007). Here, we ﬁnd a good agreement between FGM pre-
dictions and our data, although the data can also be con-
sistent with other models of adaptation. In particular,
under FGM, the mean effect of deleterious mutations at
theoptimumisE(sd)5 nr
2,andasthepopulationmoves
away from the optimum, the mean effect of deleterious
andbeneﬁcialmutationswillincreaseinapredictableman-
ner.Ifwetakeintoaccountthattheaverageﬁtnesseffectof
a deleterious mutation that has been estimated in E. coli is
about  1.2% (Kibota and Lynch 1996) and we take our
estimate of the mean effect of beneﬁcial mutations that
compensate for the K43N resistance mutation (2.5%), then
FGM predicts that the mean effect of compensatory mu-
tationsforK88Eshouldbearound3.4%(seesupplementary
material, Supplementary Material online), a remarkably
close value to the one observed (3.6%). Our results there-
foreindicatethatFGMcanbeanappropriateframeworkto
help making predictions regarding the evolution and
epidemiology of antibiotic resistance.
Supplementary Material
Supplementary material is available at Molecular Biology
and Evolution online (http://www.mbe.oxfordjournals.org/).
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